In recent years there has been substantial interest in wearable devices that measure heart rate via photoplethysmography (PPG) sensors placed at the wrist. This is challenging as the wrist PPG signal is severely corrupted by artefacts during motion, and although a number of algorithms are now available commercially and academically there is still a need for improved performance, especially when examining physical activities other than running. To date, algorithms for motion artefact removal from the PPG have focused on the use of a co-located accelerometer to record the motion. In this work, we introduce co-located accelerometer, gyroscope and magnetometer sensors to allow three, six and nine degrees of freedom estimates of the motion present. Assessed during a bike riding task the results show that the heart rate estimation is improved by up 0.57 beats per minute by using the additional information from these new sensors.
I. INTRODUCTION
The interest in wearable sensors for monitoring vital signs has increased significantly in recent years [1] . The focus of these devices is to have a constant monitoring of parameters such as heart rate and blood pressure [2] , as well as many applications in longitudinal observations of elderly users and improving athletes performance [3] . The use of portable biometrics on a daily lifestyle is increasing, with many applications that encourage the users to exercise and keep track of their achievements [4] .  Heart rate is usually measured via photoplethysmography (PPG) which shines a light into the skin and measures the amount of light reflected, which changes with blood flow. This approach has been used for a long time for stationary subjects, but PPG signals are severely corrupted by motion artefacts when the user moves around [5] which until recently has prohibited their use in a wearable manner. To solve this issue, many different signal processing methodologies have been implemented in order to filter out the motion artefact in the signal (e.g. [5] , [6] , [7] ). These build on the 2015 IEEE signal processing cup [5] where PPG data from 23 subjects during running exercise was released publicly, and on this data set several algorithms report error rates in a range of 1-2 beats per minute (bpm), or 2-3% if the range of the mean value is considered. However, the practical error rates reported when devices such as the Apple Watch, Samsung Gear, or Fitbit are used in the real-world are somewhat higher than this. Taking the mean value range of each output for resting, walking and running, the  *This work was supported by Mexico's National Council of Science and Technology (CONACYT).
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In this paper, we investigate the above in two ways. Firstly by incorporating additional co-located sensors into the PPG recording we analyze PPG signals where accelerometery, gyroscope, and magnetometer traces have been recorded at the same time and location on the wrist. For the first time this allows 3 degree of freedom (using only the accelerometery), 6 degree of freedom (using the accelerometery and gyroscope) and 9 degree of freedom (using all 3 additional sensors) estimates of the motion to be calculated and used for motion artefact removal. We demonstrate how this use of sensor fusion can lead to an improvement in the heart rate estimation provided. This builds upon our previous work [9] where we only compared the accelerometer and gyroscope signals and did not fuse the two together to give an improved overall estimation of motion. Secondly, we verify our approach using data recording during bike riding, to demonstrate the performance heart rate estimation across a wider set of physical activities and databases compared to previous works.
The remainder of this paper is organized as follows. Section II gives our methods which are based upon the use of an adaptive filter with the motion corrupted PPG signal and an estimation of the motion present as the inputs. It then gives the methods for fusing the three sets of motion sensor data together to estimate the overall motion present at the wrist, and a summary of the data used. Results are given in Section III with these discussed and conclusions drawn in Section IV.
II. METHODS
We make use of an adaptive filter previously reported for removing motion artefacts from PPG signals [10] as our starting point as it has two inputs: the motion corrupted PPG signal, and an estimation of the motion present, the "noise" input. We can then readily switch this noise input between our three different estimations of motion present, based upon the use of the different co-located sensors. Fig. 1 shows an overview of all the stages in the algorithm. At the start, the input signals (raw PPG) and "noise" data are put through a band-pass filtered (Butterworth) and resampled to 256 Hz. In the next stage, the data is processed by normalized mean square (NMLS) adaptive filters, one filter for each "noise" input corresponding to motion in the x, y, and z-axes respectively. These inputs are themselves bandpass filtered, with a third order Butterworth filter (0.4-4 Hz) prior to processing. Fig. 1 . Heart rate tracking algorithm overview based upon that from [11] with an improved Kalman filter at the output for spectral peak tracking.
Heart rate estimation is performed in the frequency domain with the cleaned PPG traces after adaptive filtering are passed to a Short Time Fourier Transforms (STFT) with settings a normalized least mean square adaptive filter order set to 9, its step size set to 0.1 and the number of points is set to 4096. In the end, a single combined spectral signal is obtained by a multiplying each STFT output, so that the dominant spectral peak due to heart rate and present in all of the traces is maintained while residual noise components tend to average out. The heart rate estimate is obtained by tracking the dominant power frequency in the combined spectrogram using a Kalman filter with the following state model.
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where KG is the Kalman gain (at sample t or t-1), E st is the error estimate at time sample t, E m is the error measurement, M is the measured peak frequency and H t is the heart rate estimate. Our algorithm is implemented offline in MATLAB, and analyses 8 s windows of data, with 6 s of overlap between subsequent windows (which these settings mirror those used for many papers analyzing the IEEE signal processing cup data).
Accelerometers measure the rate of change of velocity, while gyroscopes measure the rate of change of angular velocity, and magnetometers measure the movement of the sensor through the Earth's magnetic field (and other interfering fields from electrical equipment and similar). These multiple sensors can be used individually, as in our previous work [9] , or can be fused to generate one overall estimation of motion. In this paper, we investigate three different methods of combining motion measurements.
1) Three degrees of freedom (3DoF): Accelerometer only. This analysis uses only the accelerometer data as the "noise" input to the adaptive filter. It is thus equivalent to that reported previously in [10] and the many PPG motion artefact removal papers which make use of the IEEE cup data which only have accelerometer information available [5] , [6] [13] . As pre-processing, the acceleration due to gravity is subtracted based on which axis is being affected at any specific moment. Based on the work presented in [14] , to determine which axis is "facing down", there are six probable positions where axis x, y or z can be directly affected by gravity in a positive or negative manner. As an example if the maximum acceleration occurs on the Y-axis, is negative, and lies within the range −g ± 0.5g, we denote the corresponding orientation of the sensor as position 1.
2) Six degrees of freedom (6DoF): Accelerometer and gyroscope. With the addition of the gyroscope data, an additional analysis can be performed since the gyroscope is not affected by static gravity acceleration and instead measures angular velocity [15] . To obtain the angular position a cumulative trapezoidal numerical integration was performed to each axis (x, y, z) of the gyroscope where the limits were established by the time axis of the entire signal depending on the duration of the test. With these angular position values, the orientation of the sensor with respect to the ground can be determined by following a procedure from [16] , this takes the raw data recorded in the frame of reference (x, y, z directions) which moves as the sensor does, and projects them onto a fixed set of axes relative to the ground which allows gravity to be easily subtracted from the z-direction. For each axis in the fixed space, the required rotation matrixes for the sensor's x, y and z-axes are represented in Fig. 2 , where the axis that is facing "towards" the screen is being projected. If we take the x-axis as an example, the initial values of y and z are (0, 1, 0) and (0, 0, 1). If x-axis rotates, y' becomes (0,cos ,sin ) and z' becomes (0,-sin , cos ). The new axes are inserted as column components of a 3x3 rotation matrix. Each axis is represented in equation 4, 5 and 6. These can be combined into one matrix that will vary depending on their order (starting from to ), which is defined by the accelerometer axes, where the most dominant position is determined for each activity. 
The gravity force effect is added by obtaining the product of the rotation matrix and the gravity factor, as shown in equation 7, where is taken from the bottom row of the resulting matrix and g is gravity (9.8 m/s 2 ) [18] .
= × (7) The motion of the sensor can be obtained by removing the gravity factor from the acceleration data with equation 8, where
is the accelerometer data.
3) Nine degrees of freedom (9DoF): accelerometer, gyroscope and magnetometer. The use of all three sensors allows for the absolute position and orientation of the wearable device to be calculated using quaternions [19] . The quaternion can be defined as a way to represent rotation, with a three-dimensional vector and a scalar number, which as the name implies, consists of four floating-point numbers to make up the vector and scalar components of the quaternion [20] . Here we make use of the implementation provided in [19] which has a MATLAB script available for download. The basic product is summarised in (9) and Fig.  3 , which describe an arbitrary rotation from one frame (that of the sensor) to another (a fixed frame which does not change with movement). With the implementation of quaternions in the data analysis, it is now possible to find the absolute sensor position at each point in time.
̂= [ 1 2 3 4 ] = [cos 2
− sin 2 − sin 2 − sin 2 ] (9) The data that is analyzed was previously reported in [21] . Eight records of wrist PPG recorded during bike riding are available, with simultaneous accelerometer, gyroscope and magnetometer recordings. Subjects cycled on a bike for periods of approximately 5 minutes, with different levels of resistance present. Wrist signals were collected using a Shimmer 3 [22] wearable device. A reference chest electrocardiogram (ECG) was also recorded using a camNtech actiwave [23] to allow a gold-standard comparison of heart rate. All signals recorded at 256 Hz and the Shimmer and ECG trace manually synchronized.
III. RESULTS AND DISCUSSION
A comparison between the merged STFT outputs for the different degrees of freedom configurations is shown in Fig.  4 (corresponding to record 6 ). For this record, visually all are broadly similar, with the underlying heart rate trajectory being tracked. In the six degrees of freedom case in particular (Fig. 4b) it can be seen that less low-frequency noise is present, and therefore has the most accurate estimate of heart rate. The differences in performance are quantified for all records in Table 1 , using the Average Absolute Error (AAE) as defined in [13] . On average, the improvement is best for the six degrees of freedom case, with a 0.57 beats per minute improvement. The nine degree of freedom case sees a mean improvement of 0.31 beats per minute. Significant variations are seen between different records, for example, in record 1 the error actually is increased when using more degrees of freedom compared to the accelerometer only, while in record 2 a substantial decrease from around 6.3 bpm error to around 2.3 bpm is obtained by using the additional sensors. In record 5 it is the nine degree of freedom method which obtains the best performance. This shows that the best motion estimation is different for different records, and indeed different methods may be better at different points in time within the same record. Based on the data shown in Table 1 , the nine degrees of freedom could improve the overall performance when compared to the three degrees of freedom analysis but did not improve the six degrees of freedom analysis, which can be attributed to the quality of the signal that comes from the sensor.
Having additional sensors turned on will increase the power consumption of the wearable device, and in future work, this may provide the opportunity to trade-off between power consumption and accuracy with an automatic switching between different estimations of motion. 
IV. CONCLUSIONS
Overall, the integration of accelerometer, gyroscope and magnetometer data into the motion artefact removal process has provided better results when compared to just using accelerometer data, however, applying a 9DoF method did not improve the results over using a 6DoF approach, this can be credited to the sensitivity of the magnetometer sensor. As it can be seen in Fig. 4 , using magnetometer can produce similar outputs and even help at times, however, on average it leads to a worse hr estimate, consumes more sensor power, due to the power consumption of the actual sensors and its more complex fusing algorithms.
Today few wearable PPG devices contain all three types of sensors and this may provide an opportunity for improving the heart rate estimation, overall considering the performance in accuracy and potential battery power consumption, with the six degrees of freedom method providing the most accurate average estimates for bike riding exercise, it is the recommended method in most situations. For future work, it would be beneficial to analyze an approach where the different configurations based on the degrees of freedom can be swapped when it is most convenient.
